The certainty of a changing climate is asserted in the perception of observable changes in rainfall and temperature reported by more than 52% of farm managers in Cameroon's dry North region and almost 70% in the humid West region. Responding to these observable changes, soil and crop management techniques are adopted to ease climatic stress and insure farms from income shocks and associated vulnerabilities. Farmers were surveyed on their participation in sustainable land management (SLM) programs, and a probit model reveals that the probability of adopting recommended SLM techniques is influenced by land tenure, education, gender, experience and non-farm income. Noting that producers' adoption of recommended SLM measures is the initial step for medium to long-term adaptation of the productive capacity of their farmland, the Switching Regression Model shows that property rights, access to market, access to extension and adaptation due to farmers' perception of a changing climate significantly contribute to income security. While this is informative for policy measures required to promote technology adoption, however, participating and employing SLM is a plausible insurance to both current climate variability and long-term climate change.
Introduction
Climate change exacerbates the perennial challenges facing food, agriculture and rural development in developing countries. For vulnerable poor and food insecure people, the prospect of rising inequality is worsened by climate change (FAO, 2009 ). According to the Millennium Ecosystem Assessment (2005), knowledge-based procedures which integrate land and environmental management are critical to meet rising food and fibre demands while sustaining ecosystem services and livelihoods. Improper land management leads to land degradation and a significant reduction in the productive and service functions of landscapes. However, preserving and enhancing the productive capabilities of land in cropped, forested or grazed area and employing actions to stop, reverse or mitigate degradation is necessary to address the requirements for vulnerable food insecure communities.
With the associated risks of climate change, Müller et al. (2011) notes that agricultural production, including access to food may be severely compromised. For example, climate change impacts agricultural water supply and soil nutrient wealth. Farmland and soil health depend on microclimates which are in turn influenced by regional and global climate change (IPCC, 2007) . Such challenges require serious, immediate and sustained investments in farmland productivity. According to Schlenker and Lobell (2010) this would include improved irrigation systems, rainwater harvesting and drought and heat tolerant varieties. This, however, raises important questions on localized impact, e.g. to what extent can good land management contribute to sustaining a high level of agricultural productivity?
In Cameroon, traditional agricultural practices which exacerbate land degradation, particularly through soil erosion, have negative impacts on farm productivity and environmental quality (Adesina et al., 2000; Jaza Folefack, 2008) . The outcome is threatened by severe social, environmental and economic consequences such as decreased smallholder farmland productivity and falling rural incomes (Jaza Folefack, 2008) . Robust negative impacts of climate variation and climate change have been shown to be contemporaneous constraints to African agriculture (Müller et al., 2011; Roudier, 2011; Schlenker & Lobell, 2010) . For instance, Roudier (2011) notes from a meta-database of future crop yields, built up from sixteen studies on West Africa's rainfed agriculture, that despite a large dispersion of yield changes ranging from -50% to +90%, the median is a yield loss near -11%, with the predicted impact larger in northern West Africa (Sudano-Sahelian countries: -18% median response) than in southern West Africa (Guinean countries: -13%). In the advent of climate change, achieving agricultural productivity growth will require developing and disseminating land management technologies (Hurni, 2000) . The immediate effects of climate variability and the perceptions of long-term climate change may reinforce the impact on farm productivity and profitability (Molua et al., 2010) . For instance, Bryant et al. (2000) , Maddison (2006) and Gbetibouo (2009) note that the perceptions of climate change influence farming decisions. While the agricultural decisions are wide and varied, they could however be grouped into soil management choices, crop management choices and socioeconomic choices (Molua, 2011; Kurukulasuriya & Mendelsohn, 2008) . Despite these challenges, improving the productivity, profitability and sustainability of such smallholder farming is an important pathway out of poverty (Kassie et al., 2008; Holden et al., 2004) . This paper therefore aims to measure and analyze the adoption of farmland conservation measures under climate change perception in Cameroon. This type of analysis is useful for policy decision-making because it facilitates the understanding of the circumstances under which promoting alternative land conservation technologies may have their greatest impacts.
Materials and Methods

Data Generation and Sources
In this study, we examine the performances of 103 farmers who are exposed to Sustainable Land Management (SLM) technology package through Cameroon's National Community driven Development Programme (PNDP) sustaining natural capital management programme (Note 1). Primary data is thus employed by surveying farms and households in the West and Northern regions of Cameroon. The programme has selected beneficiary farmers who are exposed to a package of SLM technologies. Both beneficiaries (i.e. PNDP programme contact-farmers who receive information and training on environment and ecosystem management.) and non-beneficiaries of the programme are sampled and studied, on the possibility of their adoptive behaviours of the principles of sustaining land management. The objective of the survey was to generate information on the choices farmers make to insure the resilience of the farmland, and to establish whether these choices are influenced by climate change perception and some socioeconomic parameters (e.g. income, age, gender, education, climate, soil type, etc.). One hundred and three (103) beneficiary farms and one hundred and twelve (112) non-beneficiary farms were studied in six communities in three regions, viz., North region (Fada, Gamba and Mayo Lebri), Adamawa region (Njoundé) and West region (Lagui and Kouptamo). The face-to-face interviews were administered in French in the three regions indicated in Figure 2 . The information was collected with the use of questionnaire. Figure 3 depicts the climate disparity in the three regions studied. 
Analytical Framework for Assessing Land Management Practices
According to , agricultural production and land conditions are affected by land management practices, including both private decisions made by farm households and collective decisions made by groups of farmers and communities. For instance, studies have shown that farming decisions that include farm managers employing soil bunds and terracing to control runoff and soil erosion produce higher yields (Benin, 2006; Pender & Gebremedhin, 2006; Bekele, 2005) . The economic returns on physical soil and water conservation investments, as well as their impacts on productivity have been shown to be positive and significant (Shively, 1998; Gebremedhin et al., 1999; Kassie et al., 2008) . However, farmers in Cameroon, whether beneficiary of public schemes or not, experience the same set of socio-economic circumstances which requires them to still make a choice between investing on land management in a given season. Figure 2 shows that the techniques employed by different groups of farmers, whether indigenous or modern, could be evolutionary, improving farm output. However, it is expected that the gamut of practices and techniques employed by farmers in the medium-term becomes transformational into a path of adaptation until the technology becomes obsolete and land-users move either to a new set technology and or eventual change in land-use to insure for sustained profitable land value as noted in Mendelsohn et al. (1994) .
The conceptualization in Figure 2 reveals that the initial stages of technology adoption is different for different groups of farmers, which however, later transforms into a particular adaptation path for a given technology, e.g. stone contour bunds. As climate changes, farms initially observe increasing returns as a factor of the technology selected, with a potential for decreasing marginal farm returns for the technology as climate changes further. There is an optimum farm and climate value beyond which a given technology becomes unfit to ensure positive farm returns. These declines in farm returns are experienced at different levels by different groups of technology adopters, and different kinds of adaptation with unexposed non-beneficiary farmers who may rely on indigenous low potential technology experiencing lower returns relative to innovators and farm groups that are exposed to a package of scientifically based and tested green-revolution technology such as the SLM package. To observe higher returns, farmers will either need to imitate, innovate or adopt recommended technology package, or face the risk of being squeezed into smaller profits. Making the transition from current levels to imitations and adoption will depend on the social, economic, political and environmental factors experienced by the farmers (see e.g. Nhemachena et al., 2010; Gbetibouo, 2009; Adesina et al., 2000; Shiferaw & Holden, 1998; Adesina & Baidu-Forson, 1995) .
Figure 2. Technology Exposure and Adaptation Path
This implies that the decision to select from a repertoire of land management technologies, whether soil fertility based or crop management is not necessarily independent of that to select the other. The selection problem of farmers who chose a particular technology can be addressed by the application of a switching regression model with endogenous switching (Maddala, 1983) . The level of adoption of farmland management can be described by a criterion function, which is postulated to be associated with exogenous household socioeconomic variables as follows:
Where A is the level of adoption of the SLM technology package, subscript i denotes farm-households, Z is a vector of exogenous variables, δ are the unknown parameters and µ 0 is the disturbance term. By dividing the sample in two subgroups (beneficiaries denoted 'B' and non-beneficiaries denoted 'N' of the SLM package), the dependent variable can be redefined as a dichotomous variable (i.e., A = 1 for adopting beneficiaries and 0 for non-adopting non-beneficiaries) and the parameters in Equation (1) can then be estimated as a Probit model.
In the switching-regression approach as employed in Awudu and Binder (2006) , separate equations may be specified for adopters and non-adopters of the prescribed SLM technology package in order to capture the differential response of the two groups. In the present analysis, such a specification takes the following form:
where Y B and Y N represent output for farms who are beneficiary and non-beneficiary of the PNDP SLM technology package, respectively. X B and X N are vectors of exogenous variables, β B and β N are unknown parameters, and µ B and µ N are random disturbance terms. The variable Y B is an outcome variable when the technology is adopted, and Y N represents the output without adoption. Given that the choice of technology is endogenous in the above specification, ordinary least square (OLS) estimates of the parameters in Equations (2) and (3) will suffer from sample selection bias. Thus, their error terms, conditional on the sample selection criterion, have non-zero expected values (Lee, 1982; Maddala, 1983) . Hence, in order to obtain unbiased estimates it is necessary to estimate Equations (1), (2) and (3) simultaneously using maximum likelihood techniques. The estimation of this system of equations using maximum likelihood is feasible but complicated. To simplify the estimation, sample selectivity is treated as a missing-variable problem in Lee's (1982) approach. A joint-normal distribution is postulated for the error terms with the following variance-covariance structure
The conditional expectations of B  and N  are then given as (Johnson & Kotz, 1970) :
Where Z and  are respectively, the vector of exogenous variables and the estimated parameters from Equation (1), and  and  are the probability density and the cumulative distribution functions of the standard normal distribution, respectively. The ratio of  and  evaluated at  ' Z is referred to as the inverse Mills ratio (selectivity terms). The selectivity terms, W B and W N , can be considered as missing variables in Equations (2) and (3). If suitable instruments can be found for these variables, they can be included in the specification given in Equations (2) and (3) to obtain consistent estimates with OLS.
Thus, the estimation proceeds in two stages. The first step involves a probit regression to determine the probability of adoption. The estimates are then used to estimate the selectivity terms W B and W N according to the definitions in Equations (5) and (6). The second stage of the estimation process incorporates the selectivity terms in the multiple regressions given in Equations (2) and (3), resulting in the following equations:
These equations are then estimated by OLS. The coefficients of the variables W B and W N provide estimates of the covariance terms σ B0 and σ N0 , respectively. In particular, if the covariance terms are nonzero, then OLS estimates of Equations (2) and (3) would be biased as a result of sample selection. Freeman et al. (1998) show that new residuals µ B and µ N have conditional means of zero but are heteroscedastic and they suggest estimating Equations (7) and (8) by weighted least square (WLS) to obtain efficient parameters.
In the current study, the signs of the coefficients of the selectivity terms (W B and W N ) have an economic interpretation. If they have alternate signs, then farmers practice the SLM technology package on the basis of their comparative advantage. Thus, those who are beneficiaries of the programme and adopt it have above-average returns from adoption, while the non-beneficiaries who do not adopt it have above-average returns from non-adoption. On the other hand, if the coefficients of the selectivity terms have the same sign, it indicates hierarchical sorting; that is, the beneficiary adopters have above-average returns whether they adopt or not, but they are better-off adopting than not adopting. The non-beneficiary non-adopters have below-average returns in either case, but are better-off not adopting (see Willis & Rosen, 1979) . Table 1 lists the access to farming plots and grazing land in the six municipalities within the three regions examined in the current study. The table highlights the diverse patterns employed by households and farm managers. Households have on average access to a crop plot, with some households having a maximum of 5 plots. Access to individual grazing plots is limited, as livestock is principally grazed on communal lands. The crop plots provide on average 3 different commodities to the households averaging in size of 7 members reaching a maximum of 23 persons. The challenge to ensure better returns to farms and cater for the food and income security of households rests on household heads who are typically 45 years in age with about 12 years of farming experience, though these may reach 90 and 50 years, respectively. In general, as shown in Table 1 there is little difference on the biographic profile between households that are beneficiaries or not of the PNDP natural resource management capacity programme. Source: computed from survey data, 2010.
Results and Discussion
Farm Types, Practices and Crop Patterns
Agricultural Income and Enterprise Strategies with Climate Change Perception
Farm revenue comes from agriculture (e.g. subsistence food production and marketing, cash crop production), livestock production, sale of forest products and non farm activities. Crop agriculture contributes the largest proportion to household income (71%) followed by livestock production (14.9%). Table 2 reveals that remittance and transfers from both domestic and international sources are also important accounting for 5% and 6.5% for beneficiary and non-beneficiaries, respectively. Revenue from forest products and wages earned from paid employment (e.g. off-farm labour) are equally important. More important is the 26% contribution from other sources such as non-farm production and non-agriculture enterprises, which include petty-trading, food marketing, mobile-telephony services, weaving, art and crafts production, etc. Source: computed from survey data, 2010.
A breakdown of farm revenues after employing the recommended techniques of sustainable soil and crop production reveal that farms for the beneficiaries of the capacity building programmes of the PNDP recoup the highest profits, as it is the case in Gamba (North region) (see Figure 3) . Similarly, beneficiaries in Fada and Mayo Lebri (North region) experience better returns than beneficiaries in Ndjounde (Adamawa region) or Kouptamo (west region). However, comparing with non-beneficiaries, as shown in Figure 4 , farmers in Ndjounde and Fada not exposed to the SNC capacity enhancing initiatives obtain higher values for their farm enterprise. While decisions regarding adaptation to temperature could be grouped either as crop, soil or socio-cultural measures, the individual responses highlight the importance of irrigation infrastructure, choice of crops, management techniques requiring less water, minimum tillage techniques and changing field design to increase ground cover. For grazing land, more trees are planted to provide shade for the animals, re-designing of animal housing, harvesting rainwater for drinking during dry season and use of fodder banks.
Figure 3. Farm income of SNC beneficiary and non-beneficiary households
Under the PNDP Programme (Exchange rate: 1US$ = 500 FCFA).
Effects of Adoption on Farm Incomes under Climate Change Perception
Probit Model for Sustainable Land Management Technology Adoption
The maximum likelihood estimates of the probit model for SLM technology adoption are reported in Table 3 . The table shows the estimated coefficients along with their respective marginal effects (MEs). The MEs measure the change in the probability of adoption given a one-unit change in the explanatory variable. The MEs for the dummy and continuous variables are measured at the mean value of the regressors. In the evaluations, education and access to extension are positive and significant parameters thus indicating that human capital formation, through formal education, agricultural training and technical assistance, are essential in helping farmers to better understand the attributes of new technologies. Higher level of education has been hypothesized and proven to increase the probability of adopting new technologies (Gbetibouo, 2009; Adesina & Baidu-Forson, 1995) . Similarly, tenure or farmland ownership displays a positive and significant effect on the level of adoption of SLM. Specifically, households who own at least some of the land they farm are 31% more likely to adopt SLM practices than those who do not. This corroborates Lutz et al. (1994) and Shultz et al. (1997) assertion that land ownership is likely to influence adoption.
The positive and significant effect of climate change perceived either as change in rainfall or change in temperature indicates that those producers who express awareness of climate change have a higher probability of investing in SLM practices than those who are unaware of the impending challenge. This implies that climate change awareness is an important pre-condition for adopting SLM technologies. This is plausible given the positive and significant influence of farming experience measured as number of years involved in farming activities. Hassan and Nhemachena (2007) show that farming experience increases the probability of adoption of measures to improve farm profit because experienced farmers have better knowledge and information on changes in climatic conditions and crop and livestock management practices. On average, about 70% of farmers across the study locations believe that the climate has changed. This perception is consistent with results reported from surveys conducted at other locations in Africa (Bryan, 2009; Mertz et al., 2009; Nyong et al., 2007; Sleggers, 2008; Thomas et al., 2007) . Vol. 6, No. 12; Note: The dependent dichotomous variable reflects the participation in the SLM programme. T-statistic followed by *, ** and *** indicate significance at the 10%, 5% and 1% level, respectively. As is shown in Table 3 , the model correctly predicts farmers' decision to adopt soil conservation practices for 75% of the observations and the likelihood ratio test rejects the null hypothesis that all slope coefficients are equal to zero at the 5% level.
Production area or land size presents a negative and significant parameter, revealing an inverse relationship between the probability of investing in soil conservation and total area cultivated. However, farmers who had land rights or land titles had a higher probability of adopting the technology. Household size and investment in single enterprises such as livestock or forest exploitation do not appear to significantly influence the pattern of adoption of SLM. However, having access to non-farm income was significantly correlated with adoption, implying that farmers who earn additional income from non-farm sources are more likely to practice SLM. This confirms Sleggers (2008) and Thomas et al. (2007) observation that farmers' perception and response to rainfall needs are correlated with farming decisions and significant in determining farm outcomes.
The dummy variables for the geographic regions of the North, Adamawa and West regions capture the spatial and regional effects. All three regions present positive parameters, with two out of the three being statistically significant. More important, Agroforestry which is either a mix of arable field crops with perennial tree plants and or livestock rearing is strongly significant in promoting adoption of land management practices to ensure resilience of the farm enterprise. These results suggest that farmers in the North and Adamawa regions are more likely to adopt Agroforestry practices as more conservative measures to protect soil health and wealth. A possible explanation for this result might be the perception of the farmers in the different regions on the risks of a changing climate and environmental change. These findings complement the observations in Nhemachena et al. (2010) , Wang et al. (2010) and Mertz et al. (2009) who note diverse farm making decisions in response to seasonal and regional variations. For instance, Nhemachena et al. (2010) notes small-scale mixed crop and livestock system is the most tolerant whereas specialized crop production is the most vulnerable to warming and (Freeman et al., 1998) . The parameters for the self-selectivity variables W B and W N are statistically significant, which supports the estimation of the income equation using the switching regression approach. The results thus suggest that investing in SLM technology is an appropriate alternative for improving farm income among the sampled farmers.
For the Beneficiaries and non-Beneficiaries, the estimated coefficients of the climate change perception were statistically significant. Without adoption of SLM, temperature change perception is associated with lower incomes. With the implementation of SLM, the perception of rainfall change increases farm income by 3.2% and 2.4%, respectively. For the beneficiary and non-beneficiary farmers, the variables of gender, education and tenure though positive, do not appear to significantly explain farm incomes. Non-beneficiary farms are also seen to rely on household numbers to push farm incomes. However, the parameter for farming experience is significant only in the model for beneficiaries.
Farm size measured as production area, and market access appear to be statistically different for beneficiaries and non-beneficiaries. Each additional hectare increases farm incomes by almost 16% and 9%, respectively. Market access increases incomes by 6% and 7%, respectively. Better access to markets and roads is expected to increase the use of purchased inputs and ensure timely delivery of outputs to the market to generate incomes required to ensure the capital intensity of agriculture. However, caution must be exercised since market-driven intensification may also contribute to land degradation by leading to reduced fallowing, which will contribute to declining soil fertility and increased erosion (from reduced vegetative cover) unless sufficiently offset by the adoption of more intensive soil and crop management practices.
As expected, soil or crop management techniques tend to positively influence farm incomes. Socioeconomic choices also exert a positive influence, albeit statistically not significant at conventional levels. Soil and crop management suggests that nutrient gains and erosion control contribute to farm income. Additional access to extension service appears to positively influence farm incomes with the impact on farm incomes pronounced with beneficiary than non-beneficiary farmers. Participation presents positive but small effects in all estimated models, as the partial elasticity for beneficiaries 0.530, indicating that involvement in the program could increase farm income by 5.3% and not participating lowers income by 7.5%. Notes: The dependent variable is natural log of gross farm income (measured in Francs CFA). T-statistic followed by *, ** and *** indicate significance at the 10%, 5% and 1% level, respectively.
Multiplicative interaction terms are also included to measure the separate impact of the effect of climate change perception on adaptation. The positive coefficients suggest that amongst farmers who perceive climate change whether its changes in rainfall or temperature, are more likely to practice SLM.
Spatial factors represented by the geographical location are also significant for both beneficiary and non-beneficiary of SLM program. The three regions display positive coefficients suggesting that farmers in the selected region have higher levels of income relative to other locations. Specifically, the estimated coefficients of being located in the drier north region of the country are statistically similar between the beneficiary and non-beneficiary equations, suggesting that farmers in the north of the country are more aware of their environmental conditions and employ farm methods to safeguard income levels. In the west region, the coefficients are statistically different suggesting that each group of farmers may require additional information or observation on their environmental experiences. Here, SLM does not significantly affect farm incomes. The identification of perception, experience, markets access and farm size as important constraints unveils the roles such constraints have been noted (e.g. Bryan et al., 2009; Benhin, 2008) to impact on farmers' possibility for adaptation and Nyong et al. (2007) recommendations to better exploit low cost indigenous knowledge to enhance resilience on climate risks and challenges.
The inverse Mill's ratio (selectivity terms) are significant in all the estimations for the beneficiaries and non-beneficiaries. This finding suggests that adoption of SLM technology may have the same effect on the non-beneficiaries if they are included in the program. Furthermore, the significance of the inverse Mill's ratio for SLM beneficiaries indicates that sample selection bias would have resulted if the farm revenue equation had been estimated without taking into account the decision to adopt SLM technology. Overall, these observations are informative on the susceptibility of some farms than others and corroborate Seo et al. (2009) , Seo and Mendelsohn (2008) and Benhin (2008) that climate impacts will vary by farms and geography, likely causing economic damage to farmers and possibly to national gross domestic product. In sum, therefore, the promotion of farm techniques and scientific innovations and its eventual adoption depend on the prevailing socioeconomic and political conditions. To promote adaptation and enhance resilience, investment in programs and projects such as the PNDP are potentially important tools for improving agricultural productivity and increasing farmers' incomes. Such policies and programs may attempt to address land management approaches directly, for example, by promoting particular soil fertility management practices.
Conclusion
This paper has presented empirical evidence that sheds some light on the adoption of SLM as a repertoire of technologies for adaptation to climate change. The results confirm the potential direct role of agricultural technology adoption on improving rural household welfare under climate change perception, as higher incomes from improved technology translate into lower income poverty. A major policy implication of the results is that efforts to encourage farmers to adopt SLM should focus on resource poor smallholder farmers to enhance the nutrient wealth and crop resilience in their farmlands. However, with households that have relatively low levels of education and face land ownership insecurity, extension services and basic education programs are required to support farmers to adopt SLM as a way of adapting to climate change, by providing them with information relating to the positive aspects of land management and building the capacity to understand and successfully apply the SLM package. Property rights, access to market, access to extension and farmers' perception of climate change could thus pull farmers in adopting SLM. Adopting SLM is thus a plausible insurance to both climate variability and long-term climate change.
